Product redesigns happen across virtually all types of products. While there is substantial evidence that new varieties of goods increase welfare, there is little evidence on the effect of product redesigns. We develop a model of redesign and exit decisions in a dynamic oligopoly model (a la Bajari et al. (2007) ) and use it to analyse redesign activity in the U.S. automobile market. We find that automobile model designs become obsolete quickly in this market, leading to fairly frequent redesigns of models despite an estimated average redesign cost over $1 billion. Our model and estimates show that firm redesign decisions depend crucially on competition for market share through introductions of new redesigns, as well as internal incentives for planned obsolescence of the existing model design. Based on our structural model estimates and the simulated counterfactuals, we find that redesigns lead to large increases in welfare, as well as substantial profit for firms, due to the strong preferences consumers display for new model designs. We also show that welfare would be improved if redesign competition were reduced, allowing redesign activity to be more responsive to the planned obsolescence channel. The net effect of these changes would reduce total redesigns by roughly 10%, increasing total welfare by roughly 3%. While our model and welfare simulations are focused on the new automobile market, we provide some evidence that the gains from redesigns in the new automobile market are an order of magnitude larger than the losses in the secondhand automobile market.
Introduction
Product redesigns happen across virtually all types of products from breakfast cereals to tennis shoes to automobiles, and likely occur with much greater frequency than new variety introductions. For example, we find in the data we use in this paper that redesigns of existing automobile models (e.g., a Honda Civic) occur with twice the frequency of the introduction of entirely new models. Surprisingly, there has been little economic analysis of the decision by producers to redesign existing products and the effects these redesigns have on consumer decisions and overall welfare.
There are a number of factors that may cause producers to redesign existing products.
One may be to incorporate new functional technology, upgrading the quality of an existing variety while maintaining brand recognition with consumers. For example, a company may develop a revised formula for their laundry detergent to better clean clothes and introduce a "new and improved" version of their product. A second reason may be to simply update the product's appearance for consumers who value design changes. This would imply that consumers not only value having many variety choices at a given point in time, but also respond positively to dynamic changes in existing varieties, even if function and quality are essentially unchanged. For example, the fashion industry introduces frequent seasonal changes in colors and styling of clothes by brand name designers that have little to do with quality or functionality changes.
Importantly, these redesign decisions have both internal and external strategic implications in the marketplace. Externally, redesign timing of products is a dimension in which a firm may compete with other firms in the marketplace. This is particularly true if consumers strongly value the "new" features that come with redesign, such that newly redesigned products steal market share at the expense of other competitors.
Independent of these external considerations, a main internal consideration for a firm is that a redesigned model will be replacing the firm's own existing variety. This is most important in the case of durable goods, as secondhand sales may significantly erode demand for current production of a product. This creates an incentive for the firm to introduce a redesigned model of the product to limit the competition of the secondhand markets with its current product. This phenomenon has been termed "planned obsolescence."
In this paper, we use a model of strategic redesign decisions by U.S. automobile manufacturers in a dynamic oligopolistic setting to estimate the impact of these external and internal strategic considerations on the redesign decisions and its resulting impacts on the marketplace. We employ a model of dynamic oligopoly that follows Bajari et al. (2007) , in order to model redesign and exit decisions. The estimation procedure allows us to estimate both the structural parameters determining current period demand and profits for each product, but also the dynamic parameters (costs) determining entry, exit, and redesign decisions. Because the specification is tied to a structural model, we can also simulate counterfactual scenarios and tie our results back to implications for welfare.
We find that redesigns are a costly activity in the automobile market, averaging about $1 billion in costs. Yet, redesigns are fairly frequent because consumers value redesigns strongly.
Model designs become obsolete quickly as demand falls with a model's age, leading to fairly frequent redesigns by automobile firms and almost a 20% gain in a model's market share the year of a new redesign. The incentives to develop new designs to recapture declining market share is what we call the "obsolescence effect," and comes through strongly in our estimates. We also find evidence that model redesign decisions are influenced by redesigns of competing models, which we term the "competitive redesign effect". Based on our structural model estimates, we then simulate an entire set of counterfactuals that consider different combinations of reduced or increased strength of these two forces on redesign activity. We show that welfare would be improved if redesign competition were reduced, allowing redesign activity to be more responsive to the planned obsolescence channel. The net effect of these changes would reduce total redesigns by roughly 10%, increasing total welfare by roughly 3%. While our model and welfare simulations are focused on the new automobile market, we provide some evidence that the gains from redesigns in the new automobile market are an order of magnitude larger than the losses in the secondhand automobile market.
The high valuation that consumers put on newly-designed models drives fairly frequent redesigns and gives automobile manufacturers fairly substantial market power, with a 4-to-1 ratio of firm profits to consumer surplus. We also note that we find quite heterogeneous effects across classes of automobiles (e.g., trucks versus cars). While our model and welfare simulations are focused on the new automobile market, we provide some evidence that the gains from redesigns in the new automobile market are an order of magnitude larger than the losses in the secondhand automobile market.
Our analysis relates in important ways to some prior literature. First, there has been a significant number of theoretical analyses of planned obsolescence. Much of the earlier literature concerns the monopolist's choice on durability and pricing of products, assuming that new and used goods are perfect substitutes.
1 This led to some surprising results, such as prices being driven to marginal cost. Recent papers have relaxed many assumptions (such as perfect substitutability between old and used goods), but can then derive a wide variety of predictions. For example, depending on assumptions, a durable goods producer may redesign a product more frequently than is socially optimal (Waldman (1993 (Waldman ( , 1996 ) or less than is socially optimal (Fishman and Rob (2000) ). Likewise, studies come to different conclusions on whether these forces tend to decrease or increase firm profits, or decrease or increase consumer welfare. Surprisingly, these ambiguous conclusions obtain even though these studies invariably consider the case of a monopolist producer. 2 Thus, our estimates provide some of the very first empirical evidence for many of these theoretically ambiguous effects, including the frequency of redesigns, firm profitability and overall welfare.
There has been a smaller set of empirical studies that have examined the issue of planned obsolescence or related issues connected with secondhand markets for durable goods. Unlike our analysis, however, these studies have been primarily focused on modeling and estimating consumer behavior across the new and secondhand markets, taking introductions of new and redesigned varieties as given. For example, Purohit (1992) estimates how much new automobile model introductions affects prices of secondhand models, while Porter and Sat-1 Most point to Swan (1970) and Coase (1972) as the initial papers in this literature. Waldman (2003) and Grout and Park (2005) provide surveys of the literature from fields of economics and marketing, respectively.
2 An exception is Grout and Park (2005) .
tler (1999) show that the greater the substitutability between the used and new automobile model, the more transactions one sees in the secondhand market, consistent with a view that the secondhand market facilitates vertical product differentiation for consumers. Esteban and Shum (2007) and Chen et al. (2008) build a structural model of a secondhand market of consumers and analyze how much this affects firm profitability by new automobile manufacturers. Finally, Chevalier and Goolsbee (2009) show that consumers are forward-looking and become much more price-elastic in their purchases of a textbook when a new edition in the coming period is likely. We view these studies as more complementary than similar, as our focus is on modeling strategic redesign decision by firms. This allows us to focus directly on the internal and external factors that affect this redesign decision and its ultimate effect on profits and welfare.
The paper closest in spirit to our paper is perhaps Iizuka (2007) , which estimates the factors that affect when a new edition of a textbook is introduced. The hazard-model analysis finds significant evidence for a planned obsolescence effect, as greater used textbook sales and age of the textbook make a new edition more likely. However, there is no evidence for competitive effects from rival textbooks on the timing of a new textbook. The reduced form approach by Iizuka (2007) does not allow one to examine how new model introductions affect the dynamic nature of redesign competition or the implications for firm profits and consumer welfare, as does our approach. Using a structural approach also allows us to examine more concretely the relative effects of redesign competition versus planned obsolescence on the timing of redesigned models.
On a final note, our analysis also relates to prior research demonstrating that consumers realize considerable welfare gains from the development of new products (Petrin (2002)) and the introduction of new varieties within product class (Feenstra (1994) and Broda and Weinstein (2006) ). While these studies demonstrate the effect of new varieties on welfare,
we show that redesigns of existing varieties can likewise be an important source of changes in overall welfare.
Our paper proceeds in the following fashion. In the next section we provide some basic descriptive information on the patterns of redesign of automobile models we find in our data. In sections 3 and 4, we construct a dynamic model of redesign and competition in the automobile market, and estimate the model's parameters. Sections 5 and 6 present simulation results from our dynamic model, focusing on the effects of redesign on firm profits and consumer welfare. We also show how various motives for redesign (obsolescence versus redesign competition) affect redesign activity and welfare. Section 7 concludes.
Redesigns in the Automobile Industry: A First Look
Before developing a more formal empirical model to examine the motivations and effects of redesigns, we next provide basic information on how automobile manufacturers redesign vehicles, as well as key features of the empirical patterns we see in the data we have on redesign activity.
Redesigns in the automobile industry allow manufacturers to not only incorporate new technology into the engineering of their vehicle, but also the opportunity to re-style its interior and exterior.
3 For example, a recent Automotive News article says General Motor's two main concerns with an upcoming redesign of the Camaro is how to reduce its weight to meet fuel efficiency standards and how to come up with new styling that will be as popular as the current model's styling. 4 We focus on redesigns of models rather than minor updates that can occur annually, typically termed "refreshings" or "facelifts." 5 Redesigns receive substantial attention by industry magazines, trade journals, and even popular media, while refreshings receive relatively little attention, even in trade journals. As a result, our focus is solely on redesigns.
Redesigns are an involved and costly process. Automobile manufacturers employ teams 3 Drivetrain changes, such as engines and transmissions, often occur during redesigns. Therefore one obvious motivation for redesigns is to incorporate technological advances in drivetrain components. Knittel (2011) Our paper is obviously interested in the timing of redesigns and the factors that determine that timing. Figure 1 documents market shares and timing of redesign patterns for the topselling models by various class of vehicles. A number of interesting patterns emerge. First, redesign timing varies considerably across class of vehicle (e.g., compact cars redesign on average more frequently than vans), across models (e.g., the Audi A4 is redesigned much more frequently than the other top-selling luxury vehicles) and even over time for the same model.
The latter fact importantly establishes that automobile manufacturers do not generally follow a fixed-year schedule for their redesigns (also see Figure 2 ). the end of our sample as it starts to lose significant market share to new entrants, suggesting possible strategic responses to the success of these rivals.
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We now turn to developing a structural dynamic model of the automobile market, where we focus on the manufacturers' strategic decisions to redesign their models to maximize current expected profits. This will allow us to then separately identify the importance of various forces affecting the redesign decision and the resulting implications for profits and welfare.
The Dynamic Model and Estimation of Static Parameters
The auto industry is made up of a handful of firms overseeing a number of brands that each produce a set of models (varieties). We are foremost interested in modeling the role of redesign in the dynamics of competition between each model and its competitors. We therefore treat each model as an individual entity maximizing its own payoffs. As in Sweeting (2007), we are assuming away firms internalizing a redesigning model's cannibalization of demand for its other models for tractability. Denote each firm's model by j. These models fall into a particular class of vehicle g.
Each firm makes decisions at times t = 1, ..., ∞ of which actions to take, given current states, in order to compete in the oligopolistic market. In our model, we specify three different sets of states which firms face-the direct effects of their model's age, the indirect (obsolescence) effects of the model's age, and the competitive redesign effects in response to their direct competitors' (re)designs. The full set of states in period t is denoted as periods: Stock jt = t t=1 1(Design jt = Design jt−1 ) * q jt−1 . Competitive redesign effects, c jt , represent the external pressure to redesign due to competing rival models' redesign activities.
We proxy for these effects using the average age of competing models and total redesigns of models by competitors within the model's class. We note that we will be primarily interested in "redesign competition" in our analysis (i.e., firms timing redesigns to compete with redesigns of competing models), not the underlying market structure of competition.
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The actions a jt ∈ A j available to firms in period t are: 1) do nothing, 2) redesign, or 3) exit. Suppose in period t firm j takes no action to change a model whose design is 3 periods old. In t + 1 the age of their model increases by one to 4, and stock increases by the number of units that were sold in t. If this same firm decided to release a redesign of this model next period, in t + 1 the age of the model is reset to unity and stock is reset to zero. The competitive redeisgn states evolve according to the actions taken by firms in the same product class. For example, if no models of compact cars are redesigned in t + 1 the average age of competitors (AgeComp gt ) increases by one, and total competitor redesigns equals zero (T otRedesign gt = 0). Firms that exit receive or pay a value to scrap their model, and cannot reenter the market.
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Firm j's profits in t as a function of current actions and states is defined by Π ij (a t , ψ t ).
Firms dynamically optimize the present value of current and future profits,
where β is a common discount factor shared by firms, and a t denotes the set of actions taken by the firm and its competitors in t, which depends on the accompanying set of states ψ t .
Our goal is to estimate the vector θ that rationalizes observed firm behavior. This vector
, where the parameters θ X and θ R capture the cost/value of exit and 8 In other words, we will not be examining in this paper what would happen if the market goes from many competitors to a single monopolist.
9 In what follows we make the simplifying assumption that firms do not form expectations about the exit of their competition. We assume that, in expectation, a firm presumes their competitors will redesign and produce according to their optimal policies for as long as it remains in the market. This is an important assumption since all states and actions are interlinked across all producers. redesign, respectively.
To estimate the dynamic parameters, we follow the methodology developed by Bajari et al. (2007) , which proceeds in three steps. First, we estimate static behavior, which includes profits and the optimal policies firms follow when taking actions. Second, we construct value functions by forward simulating static markets using policy functions to transition between states. Third, we perturb the policy rules and resimulate the markets in order to estimate the parameters that rationalize our observed market outcomes. We now describe these three steps in more detail.
The Static Effects of Redesigns
To estimate the static effects of redesign on market share and profits for individual automobile models, we follow the standard discrete choice techniques described in Berry (1994) for specifying the demand structure over automobiles. In particular, assume that consumer i makes a discrete choice over automobiles j ∈ J g nested by automobile class g = 0, 1, . . . , G to maximize her utility,
where ij is an i.i.d extreme value random variable. The common group (automobile class denoted by g) demand parameter ζ follows a distribution depending on σ ∈ [0, 1] such that, since is an extreme value random variable, ζ + (1 − σ) is also an extreme value random variable. Characteristics, price and unobservables of product j ∈ J g are x j , p j and ξ j , respectively.
Under the extreme value assumption of , market share for product j is,
where
1−σ . Assume the outside good represents the option to not buy a new automobile. Normalizing δ 0 = 0 and
. Given this model of demand, Berry (1994) shows the demand parameters can be estimated as,
We address the endogeneity of price as Berry et al. (1995) suggest with instruments drawn from the characteristics of a model's competitors.
Static profits are calculated each period from the solution of the nested logit demand discussed above, and Bertrand competition. Static profits each period are,
where M is market size, defined as the total number of households in the US, and mc jt are firm specific marginal costs. Given these assumptions, price must satisfy the first order condition
Optimal pricing, combined with our nested logit specification, yields price as marginal costs plus a markup:
.
It is important to note how our obsolescence term, stock of prior production of the model, is specified in our empirical framework describing static demand and profits. The stock of prior production of any model provides consumers the potential option of purchasing a used automobile rather than a new one. Thus, used vehicles are part of the consumer's "outside" option in the model to buying a new automobile. As a result, prior stock does not appear as a direct term in an individual's utility derived from a model's attributes, unlike redesign and age-related variables. In other words, we assume that the stock of prior production is not an attribute of a model that directly affects a consumer's utility from consuming that particular model. It will affect the consumer's ultimate demand choice as they compare their utility levels from consuming this model versus that of the outside good, which includes used automobiles. Also note that it will appear as a state variable that directly affects a model's redesign decision, which we discuss more below. Table 2 provides our estimates of the determinants of market share from our nested logit discrete choice demand specification. Column 1 provides OLS estimates of our base specification with the standard controls, which include the price of the model, the market share of the model within its own group, and physical attributes of the model-fuel efficiency, horsepower, torque, weight, width, seating, and interior size. This base specification has an R 2 of 0.806, with many of the variables statistically significant and expected signs. The price term is negative and statistically significant, even without yet controlling for endogeneity.
Also, the estimates suggest that larger cars with lower horsepower increase the relative market share of the model.
In Column 2 we add variables to account for the age and redesign attributes of the model.
Our estimates suggest that each additional year of a model's current design lowers its relative market share by nearly 3.4%. In column 5 we include a full set of age effects (minus the effect for age 10 years and older). These OLS estimates do not suggest that market share is differently affected by a redesign year.
In Columns 4 through 6 of Table 2 we provide 2SLS estimates of these same specifications. As expected, the coefficient on price becomes larger in magnitude after controlling for endogeneity. In addition, most of the physical attribute characteristics are also statistically significant and accord with that found by previous studies. Most notably, the coefficient on horsepower is now significantly positive. Controlling for endogeneity also has substantial impacts on our estimated effects of redesign and age of a model on its relative market share.
Their coefficient estimates are much larger than with OLS, and both are now statistically significant at the 1% level. Each additional year for a model decreases its relative market share by 4.9%, but there is now a 19.7% relative gain in a model's market share for the initial redesign year. We also estimate a less restricted model that includes a full set of dummy variables, minus the indicator representing cars models that are 10 years or older. We are able to identify the coefficient capturing a new model, from the redesign effect, because we also observe completely new models. 10 The age-effects model shows an interesting non-linearity in the lifecycle of a vehicle. Following a redesign, the first-year age effect is roughly 1.44, the demand effects falls by nearly .6 in the second year, but then stays relatively flat until it begins to fall again after year five.
These 2SLS estimates are our preferred model for estimating the static effects of redesign activity on relative market shares for a given history of redesigns in the market place. In order to understand how the history of redesigns evolves dynamically, we next specify and estimate the policy functions that explain redesign and exit decisions of models. Then our third step is to use our estimated static market share model and optimal policy functions to estimate the dynamic (cost) parameters governing these decisions in the following section.
Optimal Policy Functions

The Redesign Decision
We estimate the probability that a model will be redesigned next period with the following logit specification,
In addition to a within-group market share control (s j/g ), the probability of redesigning next period (R jt+1 ) depends on the direct, obsolescence, and competitive effects of redesign-the state variables in our model. 11 The direct effects are proxied by the age of the model, the redesign competition effects are captured by the total redesigns by competitors in the current period and the average age of competitors, and the obsolescence effects are captured by the stock of previous production of the model. To provide as much flexibility as possible to fit the redesign patterns we observe in the data, we also examine specifications with interactions between state variables. Table 3 displays the results of various specifications of our redesign policy model, where we introduce additional terms sequentially. We start in Column 1 of Table 3 with simply a constant term, the log of the model's overall relative share within its automobile class and age of the model. We hypothesize that automobile manufacturers will focus their redesign efforts on automobile groups with larger shares of the automobile market and on older models. The coefficient on each variable is positive and statistically significant at the 1% significance level.
In Columns 2 through 4, we sequentially introduce the direct, competitive redesign, and obsolescence effects, respectively. The coefficients on these variables have the expected sign and all these variables, except total redesigns by competitors in the current period, are statistically significant. Older models and ones with a greater stock of previous production (even after controlling for age of model) are more likely to introduce a redesign in the coming period. This is consistent with an obsolescence effect. The older the average age of a model's competitors, the less likely a model will redesign, providing evidence for a competitive redesign effect.
Columns 5 and 6 add various interaction and higher-order terms of our state variables.
Many of these additional terms are statistically significant, suggesting non-linearities in how the state variables affect the probability of a model's redesign, and also nearly doubling the pseudo-R 2 . The final column also adds group fixed effects, which also increases the pseudo-R 2 , but has hardly any quantitative effect on our estimates. Importantly, there is evidence that all three state variables (direct, competitive redesign, and obsolescence) and their interactions are important for the redesign policy function. The independent effects
11 Our redesign policy function specification is also similar to Iizuka (2007) who estimates a hazard model for redesigns in the textbook market.
of model age and stock are statistically significant at the 1% level, as well as some of the non-linear and interaction terms involving these variables. The competitive redesign effects come through as statistically important in their interactions with other variables, namely the interaction of competitors' average age with the stock variables.
We use Column 7 estimates as our optimal redesign policy function for the dynamic forward simulations we undertake below. To better interpret Column 7, Figure 4 fits a lowess curve through the predicted policy of redesign and displays the effect of a model's age, stock of past production, and competitors' average age on the probability of redesign by type of vehicle (passenger cars, trucks (including SUVs and minivans), and luxury vehicles).
In general, we see that older models with higher stock are significantly more likely to redesign, but that there is substantial variation across vehicle class. The competitive redesign effects, seen in Panel (c), are highly nonlinear as they depend greatly on their interaction with the other states.
The Exit Decision
In a similar fashion we estimate the probability that the model will exit the market (i.e., discontinue the model) as,
We specify exit as a function of the same state variables as redesign and report our estimation results in Table 4 as we did for the redesign function in Table 3 . We see that the direct effects work in the same direction on a firm's exit decision as it does for the redesign decision-the older the model, the more likely it will exit the market completely. There is evidence that redesign competition affects the exit decision as well. As seen in Column 4, having older competitors makes exit less likely and a greater number of redesigns in the current period lowers the exit probability. Once we include interactions (Column 7) statistical significance of the many individual interaction terms for these effects are a bit below standard confidence levels. The obsolescence effects on exit decisions and their interactions with the other states work in the opposite direction from that in the redesign policy function. Models with high stocks of previous production are more likely to redesign, but less likely to exit. This is due to the correlation of stock with the success of a model. Maintaining a high stock model's accrued brand recognition is likely worth the investment by firms in redesign rather than scrapping the model altogether through exit. As with the redesign policy function, we use Column 7 estimates for our optimal exit policy function for the dynamic forward simulations we describe next. Similar to Figure 4 for the redesign policy function, Figure 5 displays the effect of a model's age, stock of vehicles, and competitor age effects on the probability of exit for various types of vehicles.
Estimating the Dynamic Model
Estimating the dynamic model hinges on forward simulations of state variables. Using the preceding optimal policy functions of firms, we forward simulate the market as firms take actions dictated by these policies given transitions of the state variable. The second stage to be estimated relies on constructing firms' expected present value of future profits. We assume these firm value and profit functions are linearly separable, and take the form,
The present discounted value of static profits given each simulated strategy is W 1 . The present value of a firm's simulated actions, scrapping production and the costs of redesign, are W 2 * θ X and W 3 * θ R , respectively. θ R includes such costs as research and development expenditures for redesign, as well as costs from production line retooling and advertising to inform consumers of the new model. One concern may be that redesigns require significant planning and are on relatively inflexible schedules. However, discussion with members of a development team from one of the domestic "Big Three" suggests that they employ teams of engineers and designers doing overlapping work toward model redesigns, which allows significant flexibility in timing of re-designs. And the data also bear out that there is significant variation in length of redesign, even over time within models. Therefore, we will allow a re-design the possibility of occurring in any period, and let the actual timing be borne out by policy functions.
Following Bajari et al. (2007) , the dynamic model is estimated by choosingθ to minimize the objective function,
Working from the presumption that each model is choosing the strategy that optimizes its value function, it must be the case in equilibrium that,
Plainly, observing actions a jt implies that choosing a jt would have been suboptimal, and we minimize the error rate in order to rationalize the firm outcomes we observe.
Forward Simulation
We first construct value functions for each model-year observation by forward simulating expected profits from future actions given expected states. Following the estimated policy functions and implied transition of the state variables allows us to construct firms' expectations about future profits. Most of our state variables are constructed from market realizations (e.g., average age of competitors). Therefore, we assume that each model's expected states and actions are known for computational feasibility. As we forward simulate this al-lows us to look across the behavior expected by each firm to construct market conditions. We track each model's actions and static market outcomes over 50 simulated periods in order to construct value functions at each period for every firm.
Given current states, a firm will redesign next period when its predicted logit inclusive valueR jt+1 ≥R and exit whenX jt+1 ≥X. To best match moments of the data we choose the threshold redesign and exit valuesR = 0.275 andX = 0.4. Table 5 displays the accuracy of our policy functions (percent of correctly predicted outcomes) for various predicted value thresholds, which informs our choice of 0.275 and 0.4. At a standard threshold of 0.5, nonevents are very precisely matched, but events (redesign or exit) are rarely matched correctly.
In other words, events are underpredicted for the sake of model fit. At lower levels (such as 0.10), events are more often matched correctly, but then we get over-prediction of the events at the expense of correctly predicting the non-events.
Applying the second stage estimator involves constructing value functions for alternative policies and the transitional dynamics that these alternatives imply. Bajari et al. (2007) demonstrates that by perturbing the estimated policy functions, the second stage estimator is consistent. Srisuma (2010) points out linear perturbations can lead to inconsistencies and proposes perturbations of the form, a (·) = * a(· ; θ 0 ) to be more stable. We thus draw ∼ U nif orm[0, 2] independently for the exit and redesign policies for 500 perturbed policies. 12 Using these perturbed policy functions we forward simulate each model's value function in parallel to the optimal path. Table 6 presents our estimates of the dynamic parameters using the Bajari et al. (2007) technique. Our estimates suggest that redesign costs average nearly $1 billion across all types of vehicles. There is some heterogeneity across types of vehicles with redesign costs smallest for sport and compact cars cars at around $500 million to the largest for pick-ups at $1.3 billion. While automobile firms undoubtedly know (at least, ex post) their redesign costs, these numbers are closely guarded and we cannot verify the credibility of these estimates with publicly available information. However, we compare our estimates to a variety of sources in the popular press. A recent AOL Autos article states that the price tag of a remodel starts at $1 billion and, "It can be as much as $6 billion if it's an all-new car on all-new platform with an all-new engine and an all-new transmission and nothing carrying over from the old model." A recent Forbes article suggests the developments costs are at least $1 billion. In addition, a Business Insider article quotes Nissan as saying that they normally spend $300-500M on a remodel. Finally, a private conversation with a former manager in one of the major U.S. automobile manufacturers suggest that our estimates are very reasonable.
Unlike redesign costs, scrap values are likely something that is even less observable, as they represent an opportunity cost to the continuation of production of the model. Our estimated scrap values are estimated to be significantly smaller in general than redesign costs. While this seems quite plausible to us, it is difficult to compare these estimates to anecdotal evidence on these values, and we note that there are relatively few exits of models in our sample from which to identify these estimates in our data, in contrast to the high frequency of redesigns, the focus of our study.
Baseline Welfare Estimates
Given our estimates of redesign and scrap values, we now have a fully dynamic model from which we can construct and track estimated welfare effects over time. Figure 6 provides baseline estimates of welfare in the model over time. Panel (a) of Figure 6 graphs discounted present value of firm value, consumer utility, and total welfare for the automobile market over a 50-year horizon at every year of our sample. In particular, our measure of welfare within vehicle class each period is the present discounted value of the nested logit inclusive value (see Nevo (2003) ),
such that the total utility from new auto purchases in period t is g U gt . We then apply the within class estimates of redesign cost and scrap value to each of our 50 forward simulations and discount by the factor β = 0.95 to calculate present discounted values (or "Firm Value") for each model in our sample and then sum. break out the automobile market into three major segments. These are "cars," which include standard compact, midsize, and full-size vehicles; "trucks," which includes minivans, pickups, SUVs, and vans; and "luxury" vehicles. There are a number of interesting observations that one can take from Figure 6 . First, firm value is high relative to consumer surplus (about a ratio of 4 to 1), suggesting that firms are extracting a significant amount of the total surplus in the automobile market. 14 Second, the recessions of the early 1990s and late 2000s show up quite clearly in our estimates, with firm values and total welfare falling considerably.
Third, the truck and luxury segments of the market appear to have been more affected by the recent recession than the standard cars market. 
Counterfactual: Obsolescence, Redesign Competition and Welfare
We can now also use our model to address our initial goals in the paper-an analysis of how the dynamic forces of redesign competition and obsolescence not only affect redesign expenditures, but ultimately firm profits and overall welfare.
We analyze how welfare changes when we intensify and reduce the impact of both of these channels. Doing this is somewhat complicated by the flexibility of our policy function.
To see this, take the general form of our redesign policy function:
In the simple case where there is one state variable capturing redesign competition and one capturing obsolescence, and both γ c and γ o are positive, to intensify or reduce the effects of each channel, we could introduce two new parameters, δ c and δ o , defining the policy function as:
We could then analyze how welfare changes when we vary γ c and γ o . This exercise would identify the pair of γs that maximize total welfare; a γ < 1 would reduce the channel, while a γ > 1 would increase the channel.
Our redesign policy function is more flexible, and therefore more complicated, than this simple example. Two complications arise: sign changes across the γs and interaction terms.
To see why sign changes across the parameters of the competitive redesign or obsolescence effects matter, suppose we had two variables capturing the redesign competition effects, c 1jt and c 2jt :
Now suppose that γ 1c > 0, while γ 1c < 0. If we multiplied both variables by the same δ > 1, this would tend to increase the probability of a redesign by making γ 1c c 1jt more positive, but at the same time, it would tend to reduce the probability of a redesign by making γ 2c c 2jt more negative. The net effect of this could be to increase or decrease the probability of a redesign, and δ would no longer carry the interpretation we seek.
This issue is easy to overcome. In our counterfactuals, we multiply by δ j whenever γ j is positive and divide by δ j whenever γ j is negative. Therefore, in the example above, a δ > 1 would make both δ c γ 1c c 1jt and 1 δc γ 2c c 2jt more positive.
The second issue-the existence of interaction terms-cannot be completely accounted for and changes the interpretation of the δ j s slightly. To see the complication here, suppose our δ-augmented redesign policy function was:
Ideally, δ c and δ o scale the derivatives of the probability of a redesign with respect to the two channels. In this simple set up those derivatives are:
With interaction terms, δ c is present in both the derivative with respect to the redesign competition channel and the derivative of the obsolescence channel. If we interpret δ c as magnifying the size of the redesign competition state variables, then the interaction terms do not present a problem. If, however, we want to interpret δ c as magnifying the parameter estimates associated only with the redesign competition channel, then our set up is not ideal.
To identify welfare under different δ j s, we perform a grid search varying the size of the δ j s from 0 to 2 in 0.1 increments. We search for the pair of δ j s that maximize total welfare in each year of our sample, forward simulating out 50 years from that given year. Therefore, we can have a different pair of δ * j s in each year.
We begin by summarizing our results by showing a contour plot of the sum of total welfare across each year in our sample. Figure 8 plots these for the market as a whole, as well as for each of the car, truck, and luxury vehicle segments of the market. As one can see, the baseline scenario, where both parameters are at 1, is in a region where welfare is already fairly high relative to that when the parameters are perturbed. It is also clear that perturbations to reduce the responsiveness of the redesign policy function to either (or both) of the redesign competition or obsolescence effects results in major welfare losses, whereas perturbations to increase responsiveness of the redesign policy function results in much smaller welfare losses. In other words, too frequent redesigns in this market would be much less costly than too infrequent redesign activity. While our baseline sees relatively high welfare, our contour of counterfactuals suggests that welfare could be improved in this marketplace by moving southeast from the baseline to a region that represents a reduced redesign competition effect and a greater obsolescence effect. The black diamonds represent combinations of δ j s that maximize welfare in at least one single year, which we term our "optimal counterfactuals." These suggest that in the typical year, welfare is maximized by reducing the redesign competition channel by roughly 50 percent, but increasing the obsolescence channel by between 50 and 100 percent. The welfare difference between the optimal counterfactual and our baseline is roughly 3 percent. Interestingly, these observations are true not only for the entire market, but also for each market segment. All four plots suggest that the welfare-maximizing policy functions (corresponding to one for both the yand x-axis) would see , corresponding to a ridge in the welfare mapping that runs from the northwest to the southeast in Figure 8 .
We can also use our simulations to show how consumer utility, firm value, and total welfare in these optimal counterfactuals compare to the baseline estimates in each year. Its possible that either firms or consumers are worse off in the optimal counterfactual, even if total welfare is a bit higher. And these comparisons may vary over time in the market. Figure 9 plots the welfare difference of the optimal counterfactual to the baseline for consumer utility, firm value, and total welfare over the years of our sample. We plot these for the entire Finally, in Figure 10 we show the relative differences between the optimal counterfactual and the baseline for the components of firm value (profit from sales, redesign expenditures, and scrap values). As with Figure 9 , we show these for the market as a whole, as well as for each of the car, truck, and luxury vehicle segments of the market, in four separate panels. As shown above, the optimal counterfactual is consistently one where the competitive redesign channels are weakened and the obsolescence channels are strengthened. These should have opposite effects on how often firms redesign and, thus, total redesign expenditures. As seen in Figure 10 , the weaker competitive redesign channel in the optimal counterfactual appears to dominate with respect to the effect on redesign expenditures, as they are lower in the optimal counterfactual relative to the baseline by 10%, or $20B, on average. In contract, panel (c) shows more exit in the optimal counterfactual. However the increase in exit is large in percentage terms (30% on average to a maximum of 400%) but small in relative value ($1B on average to a maximum of $5B). We interpret the change in firm behavior from the optimal perturbation as enhancing social efficiency by reducing inefficient redesigns coming from redesign competition, enhancing redesigns valued by consumers that come from obsolescence, and discontinuing weak varieties. Panel (a) demonstrates that the more efficient timing of redesigns results in very little change to profits from sales and consumer welfare. Welfare gains are thus realized as firms acquire significant savings by eliminating excess redesigns with minor distortions to the final goods market.
Secondhand Market Considerations
Our model and welfare analysis is clearly focused on the new automobile market. We do account for the secondhand market for automobiles in two indirect, but important, ways in our model. First, it is implicitly accounted for as part of the outside option consumers have in the discrete-choice demand model we specify. Second, the appeal of secondhand automobile models is presumably a factor in how quickly demand for new automobiles falls as the current model ages.
One may be concerned that the channels which produce welfare gains in our characterization of the optimal counterfactual may be at the expense of used car value. Our framework admittedly does not explicitly model the secondhand market, as that goes beyond the scope of this paper, and we cannot describe how redesigns of new automobiles directly affect transactions and welfare of participants in the secondhand market. However, to get some sense of the possible welfare effects on the secondhand automobile market, we did the following.
First, using auction data of secondhand vehicles, we estimated the impact of redesigns of a model on the current generation of used automobiles of the same model, controlling for other observable factors, such as annual depreciation (which average around 20%) and manufacturer and automobile class effects. From this analysis, we estimate that a redesign leads to, at most, a 4% fall in the value of the used car models of the most recent model generation.
Furthermore, this result is not robust. We also assume that the value of used automobiles from models more than one generation ago see their value fall to zero. This is likely a very strong assumption, but will give us an upper-bound estimate of how much impact redesigns have on the secondhand market.
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Using these assumptions, we can estimate the impact of redesigns on the total value of the stock of used automobiles in our simulation of the model. In our baseline simulations, we find that if we eliminate redesign activity there is an increase of about $250 billion (or roughly 7.5%) in the total value of used vehicles. Applying the same thought experiment to our optimal counterfactual, eliminating redesign activity implies an increase of about $200 billion (or roughly 7%) in the total value of used vehicles. To reiterate, we think of these effects as upper bounds on the losses from redesign activity, and in both the baseline and counterfactual simulations are small when compared to the welfare losses in the new automobile market if we were to eliminate redesign. 
Conclusion
This paper builds the first empirical structural model of product redesign. We use it to examine redesign decisions in the U.S. automobile market and their effects on firm profits, consumer utility, and total welfare. Unlike the few prior empirical studies of product redesigns, we find that both redesign competition among models and planned obsolescence to recapture market share play an important role. Our counterfactual simulations find evidence that there is wasteful redesign competition that then precludes more redesign activity targeted to obsolete models at the optimal time. We find that welfare would be maximized by reducing the redesign competition channel by roughly 50 percent, but increasing the obsolescence channel by between 50 and 100 percent. This would have a net effect of reducing redesign expenditures by about 10% and increasing welfare by roughly 3%.
A handful of existing studies have estimated consumer gains from new automobile product varieties. In particular Blonigen and Soderbery (2010) estimate consumer valuation of new product variety to be on the order of 10% of utility. As noted in the introduction, the redesign of existing autos occurs twice as often as the introduction of new varieties. Our analysis points to the importance of redesigns, as the redesign activity in our counterfactual has nearly six times the effect on consumer welfare as previous estimates of new variety introduction.
A Appendix: Details of the Non-Linear Search
Our empirical model requires a non-linear search over the dynamic parameters representing the cost of redesign and the scrap value of eliminating a model. We investigated the sensitivity of this non-linear search to both starting values and non-linear search algorithms drawing on the lessons learned in Knittel and Metaxoglou (Forthcoming) . Ultimately, we found that unless one uses the Nelder-Mead (Simplex) algorithm, convergence is always met in the same location (down to the fourth decimal point) of the parameter space. Furthermore, if we restart the non-linear search at points where the Nelder-Mead algorithm "converged"
and use another non-linear search algorithm, we again end up where the non-Nelder-Mead algorithms converge, which corresponds to a smaller GMM objective function value. That is, the Nelder-Mead algorithm appears to converge at points that are not actually extrema.
We used the Optimize() command within Stata to estimate the GMM problem associated with the dynamic parameters. -1100, -600, -100, 400, 900, 1400, 1900, 2400, and 2900. The intersection of these two sets yields 81 starting-value combinations for each algorithm.
Figures 13 and 14 summarize our results from this exercise, when we pool the classes of vehicles and estimate one redesign cost and one scrap value across all vehicles classes.
Separating things by classes yields similar results in terms of stability of the non-linear search. We find that provided we do not use the Nelder-Mead algorithm alone, we converge to the same place for both parameters, down to the third decimal point. Furthermore, when
we allow the Nelder-Mead routine to converge and then start the Newton-Raphson routine at these parameter values, the Newton-Raphson routine leaves the space where the Simplex routine converged and goes to the lone extrema found by the Newton-Raphson and quasiNewton algorithms. We take this as evidence that the Nelder-Mead routine terminates at points that are not minima.
Among the non-Nelder-Mead-only exercises, we analyzed the first-order conditions associated with those searches where Stata reports convergence. The mean Hessian-weighted gradient (in absolute value) is 1.66e-06, while the maximum is 1.3e-04. We therefore conclude that the first-order conditions are met. The Hessian is positive definite for all points, implying the second-order conditions are also met. In addition, the condition number never exceeds 13.5.
18 Figure 11 shows the density of weighted-gradient, while Figure 12 shows the objective function across all non-linear search algorithms.
Given this exercise and using the "Smoke and Fire" analogy discussed in Knittel and Metaxoglou (Forthcoming), we see no smoke and therefore have no reason to suspect any fire. Our results for the class-specific estimates are similar. For the final set of parameters used in the analysis, we still iterate over 9 different sets of starting values (500, 1000, and, 1500 for both parameters) and use the hybrid algorithm. We choose the set of parameter values corresponding to the lowest GMM objective value, but these do not differ at least for the first 11 significant digits. Nelder-Mead + Newton-Raphson
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